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MEASUREMENTS OF CHARGED PARTICLES CROSS-REFERENCE TO
PROVISIONAL APPLICATON [0001] This PCT application
claims priority to ( 1 ) the U.S. provisional patent
application No. 60/855,064, entitled "SYSTEMS, METHODS
AND APPARATUS FOR PARTICLE DETECTION AND ANALYSIS AND
FIELD DEPLOYMENT OF THE SAME" and filed October 27,
2006, and (2) the U.S. patent application No. 11/771
,169 entitled "RADIATION PORTAL MONITOR SYSTEM AND
METHOD" and field on June 29, 2007. [0002] The
disclosures of the above two applications are
incorporated herein by reference. STATEMENT REGARDING
FEDERAL RIGHTS [0003] This invention was made with
Government support under Contract Number
DE-AC52-06NA25396 awarded by the United States
Department of Energy. The Government has certain
rights in the invention. TECHNICAL FIELD [0004]
Embodiments relate to fields of particle detection,
analysis, control and, more particularly but not
exclusively, to methods and systems for analyzing data
from a charged particle detection system having a
plurality of position sensitive detectors and for
reconstructing the trajectory of a charged particle,
such as a cosmic ray muon, passing through the charged
particle detection system.BACKGROUND [0005] Charged
particle tomography is based on the scattering of
charged particles. One form of charged particle
tomography is cosmic ray tomography which relies on
the scattering of cosmic ray muons. Coming from deep
space, stable particles, mostly protons, continuously
bombard the Earth. These particles 



interact with atoms in the upper atmosphere to produce
showers of particles that include many short-lived
pions which decay and produce longer-lived muons.
Muons interact with matter primarily through the
Coulomb force, having no nuclear interaction and
radiating much less readily than electrons. They lose
energy only slowly through electromagnetic
interactions. Consequently, many of the muons arrive
at the Earth's surface as highly penetrating charged
radiation. The muon flux at sea level is about one
muon per cm2 per minute. [0006] As a muon moves
through material, Coulomb scattering of the charges of
subatomic particles perturb its trajectory. The total
deflection depends on several material properties, but
the dominant parameters are the atomic number, Z, of
the nuclei and the material density. [0007] There is a
need to provide an improved method and system for
reconstructing a volume of interest from muons or
other charged particles passing through the
volume.BRIEF SUMMARY [0008] The following summary of
the invention is provided to facilitate an
understanding of some of the technical features
related to techniques, apparatus and systems for
detecting particles such as charged particles like
muons and statistical reconstruction of object volume
scattering density profiles from charged particle
tomographic data and is not intended to be a full
description. A full appreciation of the various
aspects of the invention can be gained by taking the
entire specification, claims, drawings, and abstract
as a whole. [0009] The aforementioned aspects of the
invention and other objectives and advantages can now
be achieved as described herein. [0010] According to
one aspect, a detection system is described for
detecting an object volume via charged particles
passing through the object volume. This system
includes a first set of position sensitive detectors
located on 



a first side of an object volume to measure positions
and angles of incident charged particles towards the
object volume; a second set of position sensitive
detectors located on a second side of the object
volume opposite to the first side to measure positions
and angles of outgoing charged particles exiting the
object volume; and a signal processing unit to receive
data of measured signals from the first set of
position sensitive detectors and measured signals from
the second set of position sensitive detectors. The
signal processing unit processes the received data to
produce a statistical reconstruction of a volume
scattering density distribution within the object
volume. [001 1] The signal processing unit can be
configured to: (a) obtain charged particle tomographic
data corresponding to scattering angles and estimated
momenta of charged particles passing through an object
volume; (b) provide a probability distribution of a
charged particle scattering density based on a
statistical multiple scattering model; (c) determine a
substantially maximum likelihood estimate of the
object volume scattering density using an
expectationmaximization (ML/EM) algorithm; and (d)
output a reconstructed object volume scattering
density based on the substantially maximum likelihood
estimate. [0012] According to another aspect, a method
for detecting an object volume from charged particle
tomographic data obtained from the object volume
comprises: (a) obtaining predetermined charged
particle tomographic data corresponding to scattering
angles and estimated momentum of charged particles
passing through object volume; (b) providing the
probability distribution of charged particle
scattering based on a statistical multiple scattering
model; (c) determining a substantially maximum
likelihood estimate of object volume scattering
density using expectation maximization (ML/EM)
algorithm; (d) outputting reconstructed object volume
scattering density; and, if necessary, (e) making a
decision based on the reconstructed object volume
scattering density. 



[0013] The method allows a user to identify the
presence and/or type of object occupying the volume of
interest from the reconstructed volume scattering
density profile. Various applications include cosmic
ray muon tomography for various homeland security
inspection applications in which vehicles or cargo can
be scanned by a muon tracker. [0014] The charged
particle tomographic data can comprise tomographic
data gathered from charged particles, such as muons,
generated by cosmic rays or some other source. [0015]
Making a decision based on the reconstructed object
volume scattering density can comprise making a
decision on at least one of ( 1 ) a presence and (2) a
type of a target object in the object volume based on
the reconstructed object volume scattering density.
[0016] Providing the probability distribution of a
charged particle scattering for use in an expectation
maximization (ML/EM) algorithm can comprise (g)
obtaining a probability distribution in 2D for a
charged particle based on a predefined scattering
density of an homogenous object; (h) obtaining a
3Dprobability distribution for the charged particle
based on the 2D probability distribution; (i)
obtaining a probability distribution for scattering of
multiple charged particles through a non-homogenous
object volume characterized via basis functions; and
(j) determining a probability distribution for
multiple scattering based on the definition thereof
and scattering and momentum measurements of the
charged particles. [0017] Obtaining the probability
distribution in 2D for a charged particle based on a
predefined scattering density of an homogenous object
can comprise (k) determining the scattering density of
a material as the expected mean square scattering of
the charged particles through a unit depth of the
material; (I) approximating the charged particle
scattering distribution based on a Gaussian 



model; and (m) approximating charged particle ray
scattering and displacement based on a correlated 2D
Gaussian distribution. [0018] Obtaining a 3D
probability distribution for the charged particle
based on the 2D probability distribution can comprise
adding a coordinate and defining a three dimensional
path length; computing a 3D displacement; and defining
a 3D covahance matrix. [0019] Obtaining a probability
distribution for scattering of multiple charged
particles through a non-homogenous object volume
characterized via basis functions can comprise
establishing a 3D grid of basis functions representing
discrete scattering density estimates; determining the
scattering / displacement covariance matrix for each
individual muon as a function of the ray path and
scattering density estimates; and determining a
probability distribution for a plurality of charged
particles as the product of individual charged
particle probabilities. [0020] Determining the
substantially maximum likelihood estimate of the
object volume scattering density using the expectation
maximization (ML/EM) algorithm can comprise gathering
measurements of scattering and momentum for each
charged particle; estimating geometry of interaction
of each chargedparticle with each basis function of
the statistical scattering model; for each charged
particle basis function pair, determining the weight
matrix: W1 / , initializing scattering density in each
basis function with a guess; and iteratively solving
for the approximate maximum likelihood solution for
object volume contents; wherein the iterative process
is stopped at a predetermined number of iterations or
when the solution is changing less than a
predetermined tolerance value. [0021] Determining a
substantially maximum likelihood estimate of the
object volume scattering density using the expectation
maximization (ML/EM) algorithm can comprise gathering
measurements of scattering and momentum 



for each charged particle / = 1 to M {Aqx,Aqy,Ax,
;estimating the geometry of interaction of each muon
with each voxel ) = 1 to /V: (L,T) y \ for each
charged particle voxel pair, computing the weight
matrix: W as L ,j W 'J U W  , initializing a guess of
the scattering density >/ Z U >J W U 'J U 'J lj old in
each voxel; and using a stopping criteria process to
set lj old = lj new for all voxels. [0022] The
expectation maximization (ML/EM) algorithm can include
a mean update rule or a median update rule. [0023]
According to yet another aspect, a
computed-implemented method for detecting an object
volume from charged particle tomographic data obtained
from the object volume comprises (a) obtaining charged
particle tomographic data corresponding to scattering
angles and estimated momenta of charged particles
passing through an object volume; (b) providing a
probability distribution of a charged particle
scattering density for use in an expectation
maximization (ML/EM) algorithm, the probability
distribution being based on a statistical multiple
scattering model; (c) determining substantially
maximum likelihood estimate of object volume
scattering density using the expectation maximization
(ML/EM) algorithm; and (d) outputting a reconstructed
object volume scatteringdensity. A decision can be
made based on the reconstructed object scattering
volume density. [0024] According to yet another
aspect; a computer program product comprises a
computer-usable data carrier storing instructions
that, when executed by a computer, cause the computer
to perform a method for statistical reconstruction of
object volume density profiles from charged particle
tomographic data, the method comprising: (a) obtaining
predetermined charged particle tomographic data
corresponding to scattering angles and estimated 



momenta of charged particles passing through object
volume; (b) providing the probability distribution of
charged particle scattering for use in an expectation
maximization (ML/EM) algorithm, the probability
distribution being based on a statistical multiple
scattering model; (c) determining a substantially
maximum likelihood estimate of object volume density
using the expectation maximization (ML/EM) algorithm;
and (d) outputting a reconstructed object volume
scattering density.BRIEF DESCRIPTION OF THE DRAWINGS
[0025] The accompanying figures, in which like
reference numerals refer to identical or
functionally-similar elements throughout the separate
views and which are incorporated in and form a part of
the specification, further illustrate the present
invention and, together with the detailed description
of the invention, serve to explain the principles of
the present invention. [0026] FIG. 1 illustrates one
example of a muon tomography concept; [0027] FIG. 2
illustrates a two-dimension projection of scattering
and displacement used to determine Coulomb scattering;
[0028] FIG. 3 illustrates the parameters of a
two-dimension projection of scattering and
displacement used to adjust model of 3-D scattering;
[0029] FIG. 4 illustrates scattering through multiple
layers of material; [0030] FIG. 5 illustrates using
point of closest approach for path length calculations
of the projection shown in FIG. 3; [0031] FIG. 6
illustrates an automated system for statistical
reconstruction of volume scattering density profiles
for muon tomography; [0032] FIG. 7 illustrates a
perspective view of simulated objects; [0033] FIG. 8
illustrates overhead view of simulated objects; [0034]
FIG. 9 illustrates reconstruction of Gaussian
scattering simulation with path lengths estimated
assuming two lines connected at the PoCA point;[0035]
FIG. 10 illustrates reconstruction of simulated data
using scattering 



with Non-Gaussian tails; [0036] FIG. 11 illustrates
reconstruction of simulated data using scattering with
Non-Gaussian tails via the median method; [0037] FIG.
12 illustrates major objects in a simulated passenger
van; [0038] FIG. 13 illustrates reconstruction of 1
min of simulated muon exposure of the passenger van
via the mean method; [0039] FIG. 14 illustrates
reconstruction of the passenger van scene via the
median method; [0040] FIG. 15 illustrates a flow chart
generally outlining a method for statistical
reconstruction of volume scattering density profiles
for charged particle tomography according to one
embodiment; [0041] FIG. 15A illustrates a flow chart
outlining an example of the process of estimating the
probability distribution of scattering of a muon
passing through an object volume using a multiple
statistical scattering model according to one
embodiment; [0042] FIG. 15B illustrates a flow chart
outlining an example of the process of estimating the
expected probability distribution of scattering in 2D
for a single muon based on a predefined scattering
density of object according to one embodiment; [0043]
FIG. 15C illustrates a flow chart outlining an example
of the process of extending the statistical model to
3D according to one embodiment; [0044] FIG. 15D
illustrates a flow chart outlining an example of the
process of determining the probability distribution
for scattering and displacement ofmultiple muons
through non homogenous materials according to one
embodiment; and [0045] FIG. 15E illustrates a flow
chart outlining an example of the process of
maximizing likelihood of estimated density profiles of
object volume using an 



expectation maximization algorithm according to one
embodiment.DETAILED DESCRIPTION [0046] The particular
values and configurations discussed in these
nonlimiting examples can be varied and are cited
merely to illustrate at least one embodiment of the
present invention and are not intended to limit the
scope of the invention. [0047] Technical features
described in this application can be used to construct
various particle detection systems. For example, a
particle detection system for detecting muons as the
charged particles can include an object holding area
for placing an object to be inspected, a first set of
position sensitive muon detectors located on a first
side of the object holding area to measure positions
and angles of incident muons towards the object
holding area, a second set of position sensitive muon
detectors located on a second side of the object
holding area opposite to the first side to measure
positions and angles of outgoing muons exiting the
object holding area, and a signal processing unit,
which may include, e.g., a microprocessor, to receive
data of measured signals of the incoming muons from
the first set of position sensitive muon detectors and
measured signals of the outgoing muons from the second
set of position sensitive muon detectors. As an
example, each of the first and second sets of particle
detectors can be implemented to include drift tubes
arranged to allow at least three charged particle
positional measurements in a first direction and at
least three charged particle positional measurements
in a second direction different from the first
direction. The signal processing unit is configured to
analyze scattering behaviors of the muons caused by
scattering of the muons in the materials within the
object holding area based on the measured incoming and
outgoing positions and angles of muons to obtain a
tomographic profile or the spatial distribution of
scattering centers within the object holding area. The



obtained tomographic profile or the spatial
distribution of scattering centers can be used to
reveal the presence or absence of one or more objects
in the object holding area such as materials with high
atomic numbers including nuclear materials or devices.
Each position sensitive muon detector can be
implementedin various configurations, including drift
cells such as drift tubes filled with a gas which can
be ionized by muons. Such a system can be used to
utilize natural cosmic ray muons as the source of
muons for detecting one or more objects in the object
holding area. [0048] In one implementation, the method
and system for statistical reconstruction of volume
scattering density profiles for charged particle
tomography according to the illustrative embodiments
provides an approach in which an image or model of an
object can be reconstructed based on the scattering of
cosmic ray charged particles moving through the
object. [0049] The trajectories are more strongly
affected by special nuclear material (SNM) and
materials that make good gamma ray shielding (such as
lead and tungsten) than by the materials that make up
more ordinary objects (such as water, plastic,
aluminum, and steel). For cosmic ray charged particles
, and in particular cosmic ray muons, each muon
carries information about the objects that it has
penetrated, and by measuring the scattering of
multiple muons, one can probe the properties of these
objects. In particular, one can detect high-Z objects
amongst more typical low-Z and medium-Z matter. [0050]
In order to explain to explain various technical
features for statistical reconstruction of volume
density profiles for charged particle tomography
according to the illustrative embodiments, reference
will first be made to a muon tomography concept an
example of which is illustrated in Fig. 1. [0051] Sets
of position sensitive detectors 10 are configured
above and below an object volume 11 to be imaged to
provide the positions and angles of 



both incoming and outgoing charged particle tracks 12
(shown by solid lines with arrows). Two or more sets
of position sensitive detectors 10 arranged above a
volume to be imaged provide the position and angle of
incoming charged particle tracks. These detectors
measure charged particle position in two orthogonal or
non-orthogonal coordinates. Another set of position
sensitive detectors 10 records outgoing charged
particle positions and angles. Side detectors
(notshown) may be used to detect more horizontally
oriented charged particle tracks. The scattering angle
of each charged particle track is computed from the
coincident incoming and outgoing measurements. Charged
particle momentum is estimated from the slight
scattering occurring in the detectors themselves or in
a layer of scatterers of known properties placed
between two sets of positionsensitive detector planes.
[0052] One example of a position sensitive charged
particle detector is a drift tube filled with an
operating gas. The drift tube can be a cylindrical
tube and is filled with a detector gas such as
Argon-lsobutane to enable detection of the cosmic ray
charged particles, such as muons. A positive HV of
about +2-3kV is applied to a central anode wire
extending along the length of the cylindrical tube
with the tube exterior surface at ground so that a
high-voltage static field is present. When the charged
particle interacts with gas atoms, many electrons are
liberated from those atoms in a straight line through
a chord of the tube. The static field causes the
"string" of electrons to drift toward the positively
charged anode wire which is read-out electronically
with TDCS (time-to-digital converters) of the data
acquisition electronics. Each set of detectors can be
drift tubes arranged to allow at least three charged
particle positional measurements in a first direction
and at least three charged particle positional
measurements in a second direction which is different
from the first direction and may be orthogonal to the
first direction. 



[0053] A signal processing unit, e.g., a computer, is
provided in the system in FIG. 1 to receive data of
measured signals of the incoming muons by the
detectors above the object volume and outgoing muons
by the detectors below the object volume. This signal
processing unit is configured to analyze scattering
behaviors of the muons caused by scattering in the
volume based on the measured incoming and outgoing
positions and angles of muons to obtain a tomographic
profile or the spatial distribution of scattering
centers within the volume. The obtained tomographic
profile or the spatial distribution of scattering
centers within the volume can reveal the presence or
absence of the object in the volume. In some
implementations, additional drift tube detectors can
beimplemented on sides of the volume to form a box or
four sided structure into which a package, a vehicle
or cargo container can enter for scanning by the
system. Thus, multiple scattering of cosmic ray muons
can be used to selectively detect high z-matehal in a
background of normal cargo. Advantageously, this
technique is passive, does not deliver any radiation
dose above background, and is selective to high-z
dense materials. The tomographic processing part of
the signal processing unit may be implemented in an
on-premise computer that is at the same location with
the detectors 10. Alternatively, the tomographic
processing part of the signal processing unit may be
implemented in a remote computer that is connected on
a computer network such as a private network or a
public network such as the Internet. [0054] In the
illustrative embodiment of FIG. 1, the charged
particles are cosmic ray muons or other cosmic ray
charged particles, and the position sensitive
detectors 10 are drift cells filled with an operating
gas for sensing the charged particles. Drift cells can
be implemented by, for example, drift tubes with
center anode wire running along the longitudinal
direction of each tube. However, charged particles
other than muons can be detected using position 



sensitive sensors other than drift cells. Furthermore,
charged particles can be generated by a source other
than cosmic rays. For example, muons can be generated
as a low intensity beam from an accelerator. [0055]
The muons penetrating a dense object (black tracks)
scatter significantly stronger than muons going
through air (gray tracks). From multiple track
measurements both object geometry and electron density
of the material can be reconstructed. Muons passing
through the volume are scattered in a manner that
depends on the materials through which they pass.
[0056] The processing of measurements for cosmic ray
muons in a volume under inspection (e.g., a package, a
container or a vehicle) by the processing unit for the
system in FIG. 1 can include reconstructing the
trajectory of a muon through the volume, measuring the
momentum of an incoming muon based on signals from the
detectors on each side of the volume, and determining
thespatial distribution of the scattering density of
the volume. These and other processing results can be
used to construct the tomographic profile and measure
various properties of the volume such as detecting a
target object. [0057] For example, the reconstruction
of the trajectory of a charged particle passing
through a detectors 10 having a set of drift tubes can
include (a) obtaining hit signals representing
identifiers of drift cells hit by charged particles
and corresponding hit times; (b) grouping in-time
drift cell hits identified as being associated with a
track of a particular charged particle passing through
said detector; (c) initially estimating a time zero
value for a moment of time at which said particular
charged particle hits a drift cell; (d) determining
drift radii based on estimates of the time zero
values, drift time conversion data and the time of the
hit; (e) fitting linear tracks to drift radii
corresponding to a particular time zero value; and (f)
searching and selecting a time-zero value associated
with the best of the track fits performed for a
particular charged particle and computing error in 



time-zero and tracking parameters. Such reconstruction
of the track based on the time zero fit provides a
reconstructed linear trajectory of the charged
particle passing through the charged particle detector
without having to use fast detectors (such as
photomultiplier tubes with scintillator paddles) or
some other fast detector which detects the passage of
the muon through the apparatus to the nearest few
nanoseconds to provide the time-zero. [0058] Also for
example, the processing for measuring the momentum of
an incoming or outgoing muon based on signals from the
detectors 10 in FIG. 1 can include, (a) configuring a
plurality of position sensitive detectors to scatter a
charged particle passing therethrough; (b) measuring
the scattering of a charged particle in the position
sensitive detectors, wherein measuring the scattering
comprises obtaining at least three positional
measurements of the scattering charged particle; (c)
determining at least one trajectory of the charged
particle from the positional measurements; and (d)
determining at least one momentum measurement of the
charged particle from the at least one trajectory.
This technique can be used to determine the momentum
of the charged particle based on the trajectory of the
charged particle which is determined from the
scatteringof the charged particle in the position
sensitive detectors themselves without the use of
additional metal plates in the detector. [0059]
Details of exemplary systems and methods for
statistical reconstruction of object volume scattering
density profiles from charged particle tomographic
data are provided below. [0060] An example of an
automated system for statistical reconstruction of
volume scattering density profiles for charged
particle tomography according to one embodiment is
illustrated in block diagram in FIG. 6 . Automated
system 50 has a controller 5 1 adapted and arranged to
receive charged particle tomographic data 54. The
charged particle tomographic data can be, for 



example, muon tomographic data determined from
measurements of the muons using the charged particle
detector 1 of FIG. 1, or alternatively, any other
charged particle detector having position sensitive
detectors configured to enable tracking of a charged
particle passing through a volume. As a result, the
muon or other charged particle tomographic data can be
used to extract or determine scattering angles and
estimated momenta of muons or other charged particles
passing through an object volume. [0061] Automated
system 50 includes a statistical reconstructor module
56 stored on the controller. Reconstructor module 56
is responsible for statistically reconstructing volume
scattering density profiles for muon or other charged
particle tomography. The module 56 may be implemented
as a software module or a hardware module. [0062] In
the illustrative embodiment of the automated system 50
of FIG. 6, the controller 5 1 is formed using one or
more operably linked computer processor units (CPU)
based system such as a computer (PC), or other
microprocessor based system such as a digital signal
processor based system. The controller can be a single
standard computer but in order to achieve real time
results the controller typically includes a farm of
parallel processing computers (not shown) sufficient
in number to provide the processing capability
necessary to achieveresults in real-time. For example,
the controller can include say 20 CPUs. The larger the
scanning volume of the muon detector and the finer the
desired resolution, the larger the processing computer
farm will need to be. [0063] An operating system runs
on the controller 5 1 and may be a commercially
available or open-source operating system, including
but not restricted to an operating system from Apple,
Windows, Linux or Unix, or others that may be
developed in the future. Instructions for the
operating system and applications or programs are
stored in storage devices, such as a hard drive. 



Also, in the automated system 50, the track
reconstructor module 56 is software in the form of a
computer-usable data carrier storing instructions
that, when executed by the controller, cause the
controller to perform the method of statistical
reconstructing volume scattering density profiles for
charged particle tomography according to the
illustrative embodiments. The module can be installed
locally on the controller, as indicated in FIG. 6, or
run from a remote location via a network coupled to
the controller. Those skilled in the art would
understand there are multiple modes of implementing
such a module. [0064] Automated system 50 also
includes a display 58, operably coupled to the
controller 5 1 for displaying to a user images or data
of the object density profiles reconstructed by the
system, as required. A user interface (not shown) can
be operably connected to the processing system to
allow a human operator to manipulate the processing
system, as required. [0065] Those skilled in the art
would understand that the illustration of FIG. 6 is
merely depicting one example of the embodiments of the
automated system 50 and that the embodiments are not
limited thereto. For example, some or all of the
reconstructor module functionality can be implemented
as hardware such as analogue or digital circuitry
without the use of microprocessor. [0066] Referring to
FIG. 15, which illustrates a flow chart generally
outlining a method for statistical reconstruction of
volume density profiles for charged particle
tomography according to one embodiment. Method 100
initiates byobtaining predetermined charged particle
tomographic data corresponding to track positions,
scattering angles and estimated momentum of charged
particles passing through an object volume, as
indicated in process step 10 1. The predetermined
charged particle tomographic data can be obtained for
example from the detector of FIG. 1. Thereafter, a
probability distribution for scattering of a plurality
of charged particles passing through object volume
represented by a 



spatial distribution of a scattering density (to be
defined below) is provided based on a multiple
statistical scattering model, as indicated by the
process step 102. A maximum likelihood estimate of the
object volume scattering density profile is then
determined using an expectation maximization
algorithm, as indicated in process step 103. The
reconstructed volume scattering density profile is
then output for decision making (process step 104).
The decision making process is optional and can be for
a process of identifying the presence and/or type of
object occupying the volume as indicated in process
step 105. The decision making process can involve
human interpretation of an image representing
reconstructed density profile of the object volume
and/or automated decision making by additional
algorithms. [0067] The methods and automated systems
of the embodiments allow discrete tomographic
reconstruction of the volume of interest to be
performed based on the data provided by many charged
particles. An instance of the iterative expectation
maximization (EM) algorithm is used to find maximum
likelihood estimates of density profiles of objects.
The method and systems of the embodiments allow a user
to identify the presence and/or type of object
occupying the volume of interest from the
reconstructed volume density profile. Various
applications include cosmic ray muon tomography for
various homeland security inspection applications in
which vehicles or cargo can be scanned by a muon
tracker. The resulting muon tomographic data can be
used to reconstruct and display density profiles of
the vehicles or cargo using the method and automated
systems of the illustrative embodiments to allow
identification of any threat objects.[0068] Whilst
maximum likelihood is used in medical image
reconstructions, in particular, for PET and SPECT
reconstructions, several important differences
preclude use of standard methods developed for those
applications. First, the 



measured signal-scattering angle-is stochastic, with
mean equal to zero and standard deviation defined by
the properties of the penetrated material. Second,
cosmic-ray muons do not come from defined discrete
directions or angles, but rather have a broad,
continuous angular distribution around zenith and
extending nearly to the horizon. Finally, muon
trajectories are not straight; it is the bending that
enables us to find the rough location of a strongly
scattering object. The EM algorithm is flexible and
computationally efficient and its application to
complex geometries can be illustrated. [0069] Process
steps 102 to 104 will now be described according to
one embodiment in which the data is cosmic ray muon
tomographic data obtained from the detector of FIG. 1
measuring muons passing through the volume. [0070] The
process of providing the estimated probability
distribution of scattering of a muon passing through
an object volume using a multiple statistical
scattering model (process step 102) according to one
embodiment is outlined in the flow chart of FIG. 15A .
As indicated in process steps 110 through 113, the
process has four main components. First the
probability distribution in 2D for a single muon based
on a predefined scattering density of a homogenous
object is estimated (process step 110). Then the 2D
distribution is extended to 3D (process step 111) .
Next, in process step 112, a non-homogeneous object
volume is expressed using voxel basis functions and
the probability distribution for scattering of
multiple muons given voxelized scattering density is
expressed. Finally, the probability distribution
expression is extended to finite precision of muon
scattering and momentum measurements (process step
113). [0071] Process steps 110 through 113 are
implemented using a multiple scattering statistical
model which will first be described with reference to
scattering in a single layer of homogeneous material
and then in a non 



homogenous material.[0072] A cosmic ray muon passing
through material experiences multiple Coulomb
scattering as illustrated in Fig. 2, which illustrates
a two-dimensional projection of scattering and
displacement used to describe multiple Coulomb
scattering. In this and other figures, the magnitude
of scattering is greatly exaggerated for illustrative
purposes. The outgoing muon track may be characterized
by the scattering angle and displacement, taken
relative to the orientation and position of the
incident muon. Typical scattering angles are a few
tens of milliradians ( 1 milliradian 0.06 degrees),
and scattering angles of more than a few degrees are
very uncommon. The distribution of the central 98% of
scattering angles may be approximated as a zero-mean
Gaussian. ) though the actual distribution has heavier
or larger tails than a Gaussian. The width of the
distribution may be expressed approximately in terms
of material properties. Many researchers have
presented empirically developed expressions for
scattering as a function of various material
properties, as reviewed in S. Eidelman et al., "Review
of particle physics," Phys. Lett., vol. B592, p. 1,
2004, the disclosure of which is incorporated herein
by reference. A particularly simple form is 15MeV VW _
._. s = ; J-- Eq. (2) bcp Lmd Here, p is the particle
momentum in MeV/c, H is the depth of the material, and
Lmd is the radiation length of the material, b c is
velocity (c is the speed of light), and i the
approximation of b = \ is used. The radiation length
decreases as atomic number and material density
increase. We establish a nominal muon momentum, p0 ,
and define the scattering density of a material with
radiation length Lmd as[0073] The scattering density,
l , of a material thus represents the mean square
scattering angle of muons with nominal momentum
passing through a unit 



depth of that material. Values of the scattering
density in milliradian 2 per centimeter for some
materials are about 3 for aluminum, 14 for iron, and
78 for uranium, for example. So, the variance of
scattering of a muon with momentum p passing through a
material with scattering density l and depth H is Let
so s =lHp r 2 . Eq. (6) [0074] The displacement Ax is
correlated with the scattering angle Aq . Taken
together, scattering angle and displacement provide
information suggesting the position of local
scattering contributors in a large volume, as
suggested by the "kinks" in the paths in Fig. 1. The
distribution of scattering angle and displacement may
be characterized as jointly Gaussian , with zero mean
and H O' &x Eq (7) P AQAX - Eq . (8) /ariance matrix
as Let H H 2Il A  Eq. ( 10 ) H 2Il H 3I3SO = Apr 2.
Eq. ( 1 1) [0075] Having regard to the foregoing,
obtaining the probability distribution of scattering
in 2D for a single muon scattering (process step 110)
according to one 



embodiment can be described as outlined in the flow
chart of FIG. 15B. As indicated in process step 150,
the scattering density of a material is defined as the
expected mean square scattering of p0 = 3 GeV/c muons
through a unit depth of that material per Eq. (3).
Then a Gaussian approximation is made for RMS
scattering, as indicated in process step 15 1, Eqs. (
1 , 5, 6). Finally, a ray's scattering and
displacement distribution is approximated by a zero
mean correlated 2D Gaussian distribution, as indicated
in process step 152, summarized via Eqs. ( 10, 11) .
[0076] In three dimensions, scattering is
characterized by considering a y coordinate orthogonal
to x , and refer to scattering angles Aqx and Aqy ,
and displacements Ax and Ay . Deflections into the x
and y planes are independent and identically
distributed (see Eidelman et al). The development
above is based on a coordinate system which is
oriented orthogonal to the direction of the incident
muon. In a 3-D model we must account for 3-D path
length and project displacement measurements to a
plane orthogonal to the incident muon path. In Fig. 3,
which illustrates parameters used to adjust model for
3-D scattering, a muon incident at a projected angle
of qx 0 from vertical is illustrated. [0077] In order
to assist in understanding of this 3D-scattehng, it is
useful to imagine the associated projected angle qy 0
in an orthogonal y coordinate directed out of the
page. The straight line extension of the muon path
through the layer to the projected (un-scattered)
point (cp,yp) (i.e., the 3-D path length) is is L =H j
l +tan2 qx 0+tan2 qy 0  HLxy . Eq. ( 12)Define the
outgoing muon x position and angle as ( 1 1) , then
let qx = qx - Qxfi . Eq. ( 13) The measured x
displacement would be computed as xm= cg - cp , but we
must 



rotate this measurement into the plane orthogonal to
the ray path and adjust for the 3-D path length.
Define displacement as cos( D x +qxx,0 ) A = ( X l - X
p ) C O Q ,q ) L y cos(/ DA r x \ Eq. (14) ) where the
middle two terms account for 3-D path length and the
final term projects the measurement to the proper
orientation. Finally, redefine the covariance
weightings as L L Il A = Eq. ( 15) L1Il Z,73 [0078] It
is then necessary to proceed in a similar fashion for
the scattering and displacement and Eq. ( 11) defines
the covariance matrix for both and coordinate
scattering. Scattering measurements are made
independently in two orthogonal, horizontal
coordinates. To simplify notation, we develop the
analysis for only one coordinate. Combining the
information from the two coordinates will be discussed
later. We must note that the model is valid for
"small" scattering angles and displacements.
Second-order terms ignored in the derivation of the
model may become significant for large angle
scattering. [0079] Having regard to the foregoing, a
statistical model extended to 3D is obtained (process
step 111) as outlined in the flow chart of FIG. 15C
according to one embodiment. First, a y coordinate is
added and a three dimensional path length is defined
(process step 160, Eq. ( 12)). Next, in process step
161 , 3D 



displacement is computed per Eqs. ( 13-14). Finally,
per Eq. ( 15), the 3D covariance matrix is expressed
(process step 162). [0080] For a non-homogeneous
volume of material, the density profile is represented
for purposes of reconstruction in terms of a linear
combination of 3-D basis functions {$,..., , } with
coefficients v1,...,v vN , i.e.,l(x,y,z) = v f
(x,y,z). Eq. ( 16) j Though many choices exist for the
basis functions, our attention is directed here to
rectangular 3-D voxels. l is used to denote the
coefficient of the f basis function, i.e., the
scattering density in the f voxel. Considering Fig. 4,
three layers (or voxels) are shown, with a ray passing
through the stack, delivering observed information Aq
and Ax . "Hidden" scattering and displacement in the f
voxel are denoted Aq} and Ax , respectively. Again,
the magnitude of scattering is exaggerated in the
figure. We may relate observed to hidden data through
the expressions D = D + D 2 +D 3, Eq. ( 17) Dx = x1+
L2 tan(D61) + Dx2 + L3tan(Aqi +AQ2)+Ax3 x1+Ax2 +Ax
+T1A 1+T2A 2. Eq. ( 18) Here, we rely on the
assumption of small angle scattering in the second
equation, and define T as the 3-D ray path length from
the exit point of the f voxel to the exit point from
the reconstruction volume. More generally, for a ray
passing through a set of voxels , D =  D , Eq. ( 19)
DX= (DX +7; D ,). Eq. (20) Finally, we may express the
covariance of aggregate scattering / displacement for
the f ray by first noting that, for the f voxel 



E( - (21) where and Ly is the path length of the ray
through the j th voxel, defined to be zero for voxels
not "hit" by the ray. Combining Eqs. (19)-(22), we may
write r  . Eq. (23) Here N is the total number of
voxels and we define the weight matrixbased on a
simple but lengthy calculation for the elements.
[0081] Some assumption about the unknown muon path is
made in order to estimate ray path lengths through
voxels. Referring to Fig. 5, the approximation begins
with computation of the point of closest approach
(PoCA) of incoming and outgoing tracks (cca ,yca ) -
Then, entry to PoCA to exit points are connected to
estimate voxel path lengths. [0082] Finally, define
the data vector D  Eq. (25) Ax and let D denote all of
the measurements from M muons. We write the likelihood
of the data given the density profile l as P(D\
l)=Y[P(D \l) Eq. (26) iM with factors 1 1 P(D Il)= 2p
il / 2 exp - - D Eq. (27) [0083] Having regard to the
foregoing, a probability distribution for scattering
and displacement of multiple muons through a non
homogenous material can be obtained (process step 112)
according to one embodiment as outlined in FIG. 



15D. First a 3D grid of voxels (or other basis
functions) is established (process step 170). Then in
process step 17 1 the covahance matrix for scattering
/ displacement for each muon is computed, per Eqs.
(23, 24). Finally the overall probability distribution
for all muons, given ray paths and voxel scattering
densities is computed, per Eqs. (25-27), shown as
process step 172. [0084] Having described the multiple
scattering statistical model, reference will now be
made to extensions of the model for experimental
effects (processstep 113). Real muon detectors exhibit
finite position resolution. The incoming and outgoing
muon tracks are characterized by angles and positions
derived from track fits to multiple position
measurements. Measurement errors thus propagate to the
scattering angle and displacement measurements that
constitute the dataset for muon tomography. The
precision of a given detector is characterized by RMS
error ep .For a particular arrangement of detectors,
the error matrix &q &E = q&x Eq. (28) &q&x Ax may be
defined based on how the error propagates. Such error
is relatively easy to deal with in iterative
reconstruction methods. In our case, we may account
for detector error by supplementing the covariance
matrix of Eq. (23) , = +/  (W- Eq. (29) [0085] In this
way, noise is reduced that would otherwise appear in
reconstructions due to detector error. A more accurate
model for detector error should account for momentum
dependency, since one source of tracking error is
scattering in the detectors themselves, and scattering
decreases as particle momentum increases. If an
estimate of individual muon momentum, P , is
available, then the error matrix E (P ) could be
estimated for each ray. As is evident from Eq. (2),
the width of multiple Coulomb scattering depends on
the particle momentum. Different muon momentum is
accounted for by introducing 



the factor pr 2 in Eq. (5). In practice, the muon
momentum is not known precisely but an estimate of the
momentum of an individual muon may be estimated from
measurements of scattering in a known scatterer such
as the known spectrum of cosmic-ray muons. Here, it is
assumed that we have a good estimate of p2r for each
muon. [0086] The maximum likelihood estimate of the
object volume density can be determined using the
expectation maximization algorithm (process step 103
of method 100). The EM algorithm relies on expressing
the likelihood of the "incomplete" data in terms of
the "complete" data, i.e., the observed data plus
thehidden data. In our application, the observed data
D = {D : \  i M ) is the measured scattering. The
hidden data H = Hy : l  i M & l  j  N is the
scattering angle and displacement of the t muon by the
f voxel. In A. Dempster, N. Laird, and D. Rubin,
"Maximum likelihood from incomplete data via the EM
algorithm," J. Roy. Statist. Soc. B, vol. 39,pp. 1-78,
1977, the disclosure of which is incorporated herein
by reference, an algorithm is described in terms of
the following auxiliary function: DLR = H]D [log(P(D,
H \ . Eq . (30) [0087] This function is the expected
value of the log likelihood of both the observed and
unobserved data, given the parameter vector l with
respect to the conditional distribution of H given and
the parameter vector l{n) . Each iteration of the
algorithm consists of the following two steps. E step:
Estimate or characterize P(H |D,l(n) ) , the
conditional distribution of the hidden data. M step:
Maximize the auxiliary function Q which is an expected
value with respect to the distribution characterized
in the E step. 



In our case, since the hidden data determines the
observed data uniquely, by using the simpler auxiliary
function Q(l;l(n) ) =EH lln [log(P(H m ))] Eq. (31 )
we obtain the same sequence of estimates that one
would obtain by using QDLR . From the parameter
estimate, l(n) , an iteration of the algorithm
produces the new estimate, l(n+l) , by l(n+i) =arg
maxl(Q(l;l(n) )). Eq. (32)[0088] We start by noting
that the probability distribution for scattering of a
single muon through a single voxel follows simply from
the statistical model for a single layer. H1 = All exp
--H IJ I:J Eq. (33) 2p I where y = lj Aj pr 2 , is
defined in Eq. (21 ) . Since the unconditional
distribution of scattering in each voxel is
independent of the scattering in other voxels, the
probability of the aggregate set of hidden data is the
product of the probability of each element. Therefore,
the log likelihood may be written + C, Eq. (34) where
C represents terms not containing l . Taking the
conditional expectation we write the Q function as
Q(l;l ) =C+ QJ(l ;l;( )) Eq. (35) j N with summands
QJ(lJ;l;( )) =-MJ log lJ Eq. (36) Here M} is the
number of rays for which L}  0 (i.e., the number of
rays hitting the / voxel), and S is defined [0089]
Setting the derivative with respect to l of Eq. (36)
to zero, we find 



the following iterative formula for maximizing the
auxiliary function (M-step)The quadratic form of Sy
guarantees positivity of l{n+) . It remains to
calculate the conditional expectations Sy . Let X
denote the random variable H2J D2. The expected value
of the quadratic form X tA 1X is E[X 1A 1X =Tr(A 1 x
)+mx tA imx , Eq. (39) where mx and x are the mean and
covariance of X , respectively. Since D depends
linearly on Hy they are jointly Gaussian. The
conditional distribution of H J given D is also
Gaussian, a result from multivariate distribution
theory. Using this theory and the fact that Hy and D
each have zero mean, we find mx =SD t H SD iD , Eq.
(40) x =H - TnH i nH . Eq. (41 ) Here SD , the
covariance of the observed data, is given by Eq. (29),
and SH , the covariance of the hidden data element,
may be expressed via Eq. (21 ) . Rather than writing
the covariance of observed- hidden data, SDH ,
explicitly, we can perform a simple (though lengthy)
matrix calculation to show that SDHuAy Hu =W p2 )2.
Eq. (42) Substituting results from Eqs. (39)-(42) into
Eq. (37), we find that where we have used Tr(AB) =
Tr(BA) in the last step. Finally, to incorporate both
x and y coordinate scattering data, we simply use the
average 



c(") :(") (") _ y, c Eq. (44) in the update Eq. (38)
[0090] t is noted that Eq. (38) represents a mean over
rays hitting a voxel. Use of this equation will be
termed the mean method hereafter. It will be
shownbelow that an alternative form of this update
equation is useful in reducing noise due to outlier
muon data. The median method of the algorithm is
defined by the altered update equation: +1) =imedian Z
0( ), Eq. (45) [0091] Having regard to the foregoing,
the process of maximizing likelihood of estimated
density profiles of object volume using an expectation
maximization algorithm (process step 103 of method
100) is outlined in FIG. 15E. As indicated in process
step 180, measurements of scattering and momentum are
gathered for each muon / = 1 to M (Aqx,Aqy,Ax,Ay,pr 2)
. The geometry of interaction of each muon with each
voxel ) = 1 to N: (L,T) y is estimated (process step
18 1) . For each muon voxel pair, the weight matrix: W
1J is computed using Eq. (24) (process step 182). The
scattering density in each voxel is initialized with a
guess : j ,oid (process step 183). The stopping
criteria is indicted in process step 184 as follows.
For each muon, S is computed using Eq. (29) and the
inverse taken, for each muon voxel pair, the
conditional expectation terms: Sy , are computed using
Eqs. (43,44), l] new is computed using Eq. (38) or Eq.
(45), and l] d = lunew is set for all voxels, [0092]
In order further to illustrate method 100, reference
will now be made to a numerical example. A setup
similar to that shown in Fig. 1 was simulated. 



As a first validation test, a simple simulation
designed to closely match the multiple statistical
scattering model was used. Single detector planes
(rather than the 3 shown in the figure) were sized 2x2
m2 , and the vertical separation between top and
bottom detectors was 1.1 m. These detectors perfectly
recorded muon positions and angles. A simplified muon
spectrum was used, with muons of momenta uniformly
distributed from 500-10 000 MeV/c. Particles entered
the volume at the upper detector plane at projected
angles uniformly spanning from vertical.[0093] Muon
multiple scattering and displacement were simulated
according to process steps 110 through 113 Objects
were placed in the central l.lxl. l c l.1 m3 portion
of the volume as visualized in Figs. 7 and 8 . Three
10x10x10 cm3 cubes of materials tungsten (W), iron
(Fe), and aluminum (Al), with scattering densities 7 1
.5, 14.2, and 2.8 mrad2/cm,, respectively, were
simulated. The simulation assumed 400 000 muons,
incident on the upper detector stack, corresponding to
about 10 min of exposure. About 160 000 of these muons
missed the lower detector plane, leaving 240 000 for
reconstruction. A voxel size of 5c5c5 cm3 was used for
reconstruction and implemented the mean method
described above, assuming perfect knowledge of the
momentum for each muon. The simulation started with a
volume filled with air, and ran the algorithm for 100
iterations (sufficient for convergence of the block
features). Results appear in Fig. 9 . The averages of
the reconstructed values for the 8 voxels
corresponding to each of the three objects are (74.0,
14.7, 2.7) for the (W, Fe, Al) blocks, respectively.
The fractional spreads (rms/mean) of the 8 voxels
making up each cube are ( 12.6%, 13.2%, 12.1 %). This
result validates the inversion algorithm and
implementation, given a match between simulation and
inversion models. [0094] The reconstruction appears
identical to the object scene. The averages of the
reconstructed values for the 8 voxels corresponding to
each of 



the three objects are (74.0, 14.7, 2.7) for the (W,
Fe, Al) blocks, respectively. The fractional spreads
(rms/mean) of the 8 voxels making up each cube are (
12.6%, 13.2%, 12.1 %). This result validates the
inversion algorithm and implementation, given a match
between simulation and inversion models. [0095] Next,
the same scene was re-simulated using the GEANT4 Monte
Carlo package. Details of GEANT4 can be found in the
publication of J. Allison, "Geant4 developments and
applications," IEEE Trans. Nucl.Sci., vol. 53, no. 1,
pp. 270-278, Feb. 2006, the disclosure of which is
incorporated herein by reference. GEANT4 implements a
more complete, accurate, and validated model for
multiple scattering. This model includes a more
refined calculation of the width of the central
Gaussian portion of the scattering distribution,
implementation of the heavy tails, and the simulation
of the energy loss of muons as they passthrough
material. A muon event generator was also used which
replicated the sea-level angular and momentum
distribution of cosmic ray muons. It was assumed that
detectors were perfect in this simulation, with
perfect knowledge of each muon's momentum, cosmic ray
electrons or track secondary particles were not
included. Results appear in Fig. 10 . Averages of
voxels values corresponding to (W, Fe, Al) blocks are
(674.4, 63.4, 5.4), respectively. [0096] The voxel
values are much too high and the misclassification of
several of the medium and low Z areas is apparent.
Normalizing the reconstruction by dividing all voxel
values by approximately 4 to produce a correct average
voxel value for the medium-Z voxels does not produce
correct values for high and low-Z voxels or eliminate
all misclassification. The cause of this effect is a
small percentage of the muons scattering in a manner
not well described by the Gaussian model. The central
98% of the projected angular distribution of
scattering is claimed to be well approximated as
Gaussian. About 2% of all muons scatter to angles that
are large relative to the statistical model 



described here, i.e., much larger than what would be
found for a Gaussian distribution. As the square of
scattering angles determine the fit, the effect can be
dramatic. Muon scatterings that fall in these tails
produce scattering density estimates that are too
large. [0097] Moreover, other processes such as decay
of a muon within the instrument of Fig. 1 or
significant detector errors may be erroneously
recorded as very large angle scattering events (though
these sources were not present in our simulation).
This can happen anywhere in the volume, and tends to
generate single voxels with unreasonably large
scattering density. Such events should be eliminated
because they give false-positive indications of SNM.
[0098] In order to make the EM algorithm tolerant to
non-Gaussian data, the mean update rule Eq. (38) may
be replaced with Eq. (45), i.e., use of the median
method.[0099] Results using the median method are
shown in FIG. 11. Voxel averages for (W, Fe, Al)
regions are (79.2, 14.2, 2.1 ) , respectively, with
fractional spreads of (21 .5%, 26.3%, 23.2%). Clearly,
using the median update rule improves the robustness
of the inversion algorithm. [00100] A more practical
example of the reconstructed density profiles is shown
in FIG. 12, which illustrates a detailed GEANT4
simulation of a passenger van. An illustration of the
major components with the van body cut away appears in
Fig. 12 . The red block in the center of the
illustration represents a 10x10x10 cm3 solid piece of
tungsten, a proxy for a high-Z threat object. In this
case we used simulated detector planes located on the
four long sides of the scene to take advantage of more
horizontally oriented muons. 1 minute of cosmic ray
muon exposure was simulated and reconstructions from
the data using 5c5c5 cm3sized voxels was performed
according to the mean method and the median method.
Figs. 13 and 14, respectively show visualizations of
reconstructions 



made using mean EM method and median EM method. The
effect of non- Gaussian data is quite apparent in mean
method reconstruction of this scene, manifested as
darker spots scattered over the image. In the median
method reconstruction, these artifacts are entirely
gone, and the denser components of the van (engine,
battery, drive train) show up as (low-Z) or
(medium-Z), while the threat object stands out darker
(high-Z). The use of the median method produces
results that tend to be robust against false positives
resulting from non- Gaussian scattering distributions
and other anomalous events. [0100] The embodiments and
examples set forth herein are presented to best
explain the present invention and its practical
application and to thereby enable those skilled in the
art to make and utilize the invention. Those skilled
in the art, however, will recognize that the foregoing
description and examples have been presented for the
purpose of illustration and example only. [0101] Other
variations and modifications (such as regulahzation of
the reconstruction process) of the present invention
will be apparent to those of skill inthe art, and it
is the intent of the appended claims that such
variations and modifications be covered. [0102] The
description as set forth is not intended to be
exhaustive or to limit the scope of the invention.
Many modifications and variations are possible in
light of the above teaching without departing from the
scope of the following claims. It is contemplated that
the use of the present invention can involve
components having different characteristics.CLAIMS The
embodiments of the invention in which an exclusive
property or right is claimed are defined as follows.
Having thus described the invention what is claimed
is: 1. A method for detecting an object volume from
charged particle tomographic data obtained from the
object volume, said method comprising: 



(a) obtaining predetermined charged particle
tomographic data corresponding to scattering angles
and estimated momenta of charged particles passing
through an object volume; (b) providing the
probability distribution of a charged particle
scattering for use in an expectation maximization
(ML/EM) algorithm, said probability distribution being
based on a statistical multiple scattering model; (c)
determining a substantially maximum likelihood
estimate of the object volume scattering density using
said expectation maximization (ML/EM) algorithm; and
(d) outputting a reconstructed object volume
scattering density based on the substantially maximum
likelihood estimate. 2 . The method of claim 1,
comprising: making a decision on at least one of ( 1)
a presence and (2) a type of a target object in the
object volume based on said reconstructed object
volume scattering density. 3 . The method of claim 1,
wherein providing the probability distribution of a
charged particle scattering for use in an expectation
maximization (ML/EM) algorithm comprises: (g)
obtaining a probability distribution in 2D for a
charged particle basedon a predefined scattering
density of a homogenous object; (h) obtaining a 3D
probability distribution for said charged particle
based on said 2D probability distribution; (i)
obtaining a probability distribution for scattering of
multiple charged particles through a non-homogenous
object volume characterized via basis functions; and
(j) obtaining a probability distribution for multiple
scattering based on said definition thereof and
scattering and momentum measurements of said 



charged particles. 4 . The method of claim 3, wherein
obtaining a probability distribution in 2D for a
charged particle based on a predefined scattering
density of an homogenous object comprises (k)
determining the scattering density of a material as
the expected mean square scattering of said charged
particles through a unit depth of said material; (I)
approximating the charged particle scattering
distribution based on a Gaussian model; and (m)
approximating charged particle ray scattering and
displacement based on a correlated 2D Gaussian
distribution. 5 . The method of claim 3, wherein
obtaining a 3D probability distribution for said
charged particle based on said 2D probability
distribution comprises: adding a coordinate and
defining a three dimensional path length; computing a
3D displacement; and defining a 3D covariance matrix.
6 . The method of claim 5, wherein obtaining a
probability distribution for scattering of multiple
charged particles through a non-homogenous object
volume characterized via basis functions
comprisesestablishing a 3D grid of basis functions
representing discrete scattering density estimates;
determining the scattering / displacement covariance
matrix for each individual muon as a function of the
ray path and scattering density estimates; and
determining a probability distribution for a plurality
of charged particles as the product of individual
charged particle probabilities. 7 . The method of
claim 1, wherein determining a substantially maximum 



likelihood estimate of the object volume scattering
density using said expectation maximization (ML/EM)
algorithm comprises gathering measurements of
scattering and momentum for each charged particle;
estimating geometry of interaction of each charged
particle with each basis function of said statistical
scattering model; for each charged particle basis
function pair, determining the weight matrix: W1 / ,
initializing scattering density in each basis function
with a guess; and iteratively solving for the
approximate maximum likelihood solution for object
volume contents; wherein the iterative process is
stopped at a predetermined number of iterations or
when the solution is changing less than a
predetermined tolerance value. 8 . The method of claim
1, wherein determining a substantially maximum
likelihood estimate of the object volume scattering
density using said expectation maximization (ML/EM)
algorithm comprises gathering measurements of
scattering and momentum for each charged particle i =
1 to M (Aqx,Aqy,Ax,Ay,p ; estimating the geometry of
interaction of each muon with each voxel ) = M o N:
(LJ) ; for each charged particle voxel pair, computing
the weight matrix: WL a S W" L l +L IJ T IJ 



D/3+y v+L T initializing a guess of the scattering
density lj old in each voxel; and using a stopping
criteria process to set l] ld = l] mw for all voxels.
9 . The method of claim 1, wherein said expectation
maximization (ML/EM) algorithm includes a mean update
rule or a median update rule. 10 . The method of claim
1, wherein said charged particle tomographic data
comprises cosmic ray muon tomographic data. 11. A
computed-implemented method for detecting an object
volume from charged particle tomographic data obtained
from the object volume, said method comprising (a)
obtaining charged particle tomographic data
corresponding to scattering angles and estimated
momenta of charged particles passing through an object
volume; (b) providing a probability distribution of a
charged particle scattering density for use in an
expectation maximization (ML/EM) algorithm, said
probability distribution being based on a statistical
multiple scattering model; (c) determining
substantially maximum likelihood estimate of object
volume scattering density using said expectation
maximization (ML/EM) algorithm; and (d) outputting a
reconstructed object volume scattering density. 12 .
The method of claim 11, further comprising making a
decision based on said reconstructed object scattering
volume density. 13 . The method of claim 11, wherein
providing a probability distribution of acharged
particle scattering density for use in an expectation
maximization (ML/EM) algorithm comprises (g)
estimating the probability distribution in 2D for a
charged particle based on a predefined scattering
density of a homogenous object; (h) obtaining a 3D
probability distribution for said charged particle 



based on said 2D probability distribution; (i)
obtaining the probability distribution for scattering
of multiple charged particles through non-homogenous
object volume characterized via basis functions; and
(j) determining said probability distribution for
multiple scattering based on said definition thereof
and scattering and momentum measurements of said
charged particles. 14. The method of claim 13, wherein
said charged particle tomographic data comprises
cosmic ray charged particle tomographic data. 15 . The
method of claim 14, wherein estimating the probability
distribution in 2D for a charged particle based on a
predefined scattering density of a homogenous object
comprises determining the scattering density of a
material as the expected mean square scattering of
cosmic ray charged particles of nominal momentum P0 =
3 GeV through a unit depth of that material;
approximating cosmic ray charged particle scattering
distribution using Gaussian model; and approximating
cosmic ray scattering and displacement by a correlated
2D Gaussian distribution; wherein obtaining a 3D
probability distribution for said charged particle
based on said 2D probability distribution comprises:
adding a coordinate and defining a three dimensional
path length; computing a 3D displacement; anddefining
a 3D covariance matrix, and wherein obtaining the
probability distribution for scattering of multiple
charged particles through non-homogenous object volume
characterized via basis functions; comprises 



establishing a 3D grid of basis functions representing
discrete scattering density estimates; determining the
scattering / displacement covariance matrix for each
individual cosmic ray charged particle as a function
of the ray path and scattering density estimates; and;
determining probability distribution for a plurality
of cosmic ray charged particles as the product of
individual charged particle probabilities. 16 . The
method of claim 14, wherein determining substantially
maximum likelihood estimate of object volume
scattering density using said expectation maximization
(ML/EM) algorithm comprises gathering measurements of
scattering and momentum for each cosmic ray charged
particle; estimating geometry of interaction of each
charged particle with each basis function of said
statistical multiple scattering model; for each
charged particle basis function pair, determining the
weight matrix: W1 / , initializing scattering density
in each basis function with a guess; iteratively
solving for the approximate maximum likelihood
solution for object volume contents; where the
iterative process is stopped at a predetermined number
of iterations or when the solution is changing less
than a predetermined tolerance value. 17 . The method
of claim 10, wherein determining substantially maximum
likelihood estimate of object volume scattering
density using said expectation maximization (ML/EM)
algorithm comprisesgathering measurements of
scattering and momentum for each charged particle / =
1 to M (Aqx,Aqy,Ax,Ay,pr 



2\ ; estimating the geometry of interaction of each
charged particle with each voxel j = 1 to N: (LJ) u ;
for each charged particle voxel pair, computing the
weight matrix: W 1J 1J T1II-Yl T 13+T2T +T T2
initializing a guess of the scattering density l] ld
in each voxel; using a stopping criteria process to
set l] d = lhnew for all voxels. 18 . The method of
claim 17, wherein said stopping criteria process
comprises for each charged particle, computing o using
W  V z +v ? and taking the inverse, DI2+L T D/3+L2T +L
T2 for each charged particle voxel pair, computing the
conditional expectation terms: Sy , using = l -TrV o
y))plJl , where Tr(AB) =Tr(BA) in the last step; and
incorporating both x and y coordinate scattering data
using c(") __ c(") (") _ y,x + y,y \ = 2 ' in an
update rule. 19 . The method of claim 18, wherein said
charged particles comprise muons. 20. The method of
claim 18, wherein said ML/EM algorithm includes a mean
update rule defined as (n+1) = V S(n) . or a median
update rule defined as M j i Ly mdi (S(tm)), . 2 1. A
computer program product comprising: a computer-usable
data carrier 



storing instructions that, when executed by a
computer, cause the computer to perform a method for
statistical reconstruction of object volume density
profiles from charged particle tomographic data, the
method comprising: (a) obtaining predetermined charged
particle tomographic data corresponding to scattering
angles and estimated momenta of charged particles
passing through object volume; (b) providing the
probability distribution of charged particle
scattering for use in an expectation maximization
(ML/EM) algorithm, said probability distribution being
based on a statistical multiple scattering model; (c)
determining a substantially maximum likelihood
estimate of object volume density using said
expectation maximization (ML/EM) algorithm; and (d)
outputting a reconstructed object volume scattering
density. 22. A detection system for detecting an
object volume via charged particles passing through
the object volume, comprising: a first set of position
sensitive detectors located on a first side of an
object volume to measure positions and angles of
incident charged particles towards the object volume;
a second set of position sensitive detectors located
on a second side of the object volume opposite to the
first side to measure positions and angles of outgoing
charged particles exiting the object volume; and a
signal processing unit to receive data of measured
signals from the first set of position sensitive
detectors and measured signals from the second set of
position sensitive detectors, wherein the signal
processing unit processes the received data to produce
a statistical reconstruction of a volume scattering
density distribution within the object volume. 23. The
system of claim 22, wherein the signal processing unit
is configured to:(a) obtain charged particle
tomographic data corresponding to scattering 



angles and estimated momenta of charged particles
passing through an object volume; (b) provide a
probability distribution of a charged particle
scattering density based on a statistical multiple
scattering model; (c) determine a substantially
maximum likelihood estimate of the object volume
scattering density using an expectation maximization
(ML/EM) algorithm; and (d) output a reconstructed
object volume scattering density based on the
substantially maximum likelihood estimate. 24. The
system of claim 22, wherein: each of the first and
second sets of particle detectors include drift tubes
arranged to allow at least three charged particle
positional measurements in a first direction and at
least three charged particle positional measurements
in a second direction different from the first
direction. 25. The system of claim 22, wherein the
charged particles are natural cosmic ray muons
incident to the object volume and the signal
processing unit is configured to indicate whether a
target object is present in the object volume based on
the statistical reconstruction of the volume
scattering density distribution within the object
volume. 




